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Abstract
Background: Telephone nursing is the first line of contact for many care-seekers and aims at optimizing the performance
of the healthcare system by supporting and guiding patients to the correct level of care and reduce the amount of un-
scheduled visits. Good statistical models that describe the effects of telephone nursing are important in order to study
its impact on healthcare resources and evaluate changes in telephone nursing procedures.
Objective: To develop a valid model that captures the complex relationships between the nurse’s recommendations, the
patients’ intended actions and the patients’ health seeking behavior. Using the model to estimate the effects of telephone
nursing on patient behavior, healthcare utilization, and infer potential cost savings.
Methods: Bayesian ordinal regression modeling of data from randomly selected patients that received telephone nursing.
Inference is based on Markov Chain Monte Carlo (MCMC) methods, model selection using the Watanabe-Akaike Infor-
mation Criteria (WAIC), and model validation using posterior predictive checks on standard discrepancy measures.
Results and Conclusions: We present a robust Bayesian ordinal regression model that predicts three-quarters of the
patients’ healthcare utilization after telephone nursing and we found no evidence of model deficiencies. A patient’s
compliance to the nurse’s recommendation varies and depends on the recommended level of care, its agreement with and
level of the patient’s prior intention, and the availability of different care options at the time. The model reveals a risk
reducing behavior among patients and the effect of the telephone nursing recommendation is 7 times higher than the
effect of the patient’s intended action prior to consultation if the recommendation is the highest level of care. But the
effect of the nurse’s recommendation is lower, or even non-existing, if the recommendation is self-care. Telephone nursing
was found to have a constricting effect on healthcare utilization, however, the compliance to nurse’s recommendation is
closely tied to perceptions of risk, emphasizing the importance to address caller’s needs of reassurance.
Keywords: Modeling, Healthcare utilization, Health economy, Health seeking behavior, Telephone nursing, Telecare,
Bayesian analysis, Ordinal regression
1. Introduction
Later year’s increased patient strain on the healthcare
system has increased the focus on efficiency improvements
within the healthcare system. Increasing healthcare costs
as well as a continuous rise in emergency department con-
sultations for inappropriate and non-urgent conditions rep-
resent an incitement to treat illnesses at the correct level
of care [1]. The number of visits to the Swedish emer-
gency departments in Stockholm are increasing by 4.5%
annually. Not only the emergency departments are ex-
periencing an increased strain, visits to the out-of-hours
clinics and primary care clinics have increased with 6.1%
and 3.1% respectively [2]. This is a phenomenon that is
not unique for Sweden, but can be seen in other western
countries as well with up to a 40% increase in primary care
consultations during the last 20 years [3, 4, 1].
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For many care-seekers, the first line of contact with
healthcare services is the Swedish Healthcare Direct (SHD).
The SHD is an on-call telephone nursing service similar to
the NHS Direct in the UK, LINK in Canada and Health
Direct in Australia. Telephone nursing is a common work
procedure for nurses in primary care, and is described by
[5] as performing medical assessments over the telephone,
while at the same time providing care with the aim of sup-
porting, strengthening and teaching the callers and guid-
ing care-seekers to the correct level of care. The nurs-
ing care provided is based on the caller’s individual needs,
and the level of care that is recommended to the callers
depends on the nature of and the urgency of their symp-
toms. A computerized decision support tool aids the nurse
in making medical assessments, and provides a shared ba-
sis for medical decisions regardless of the nurse’s experi-
ence and skills and independent of geographical location,
socio-economics or other demographic factors. The system
is symptom-based and designed as a checklist where ques-
tions relating to the callers symptoms is suggested, and
level of urgency is indicated to the nurse [6]. Through a
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reduction of the amount of unscheduled visits, the aim of
telephone nursing from an economical point of view is to
improve planning and making more efficient use of health-
care resources [7]. But telephone nursing has been found
to be highly beneficial for the caller as well in terms of
receiving better information, saving time and costs as well
as reducing anxiety levels [8]. In addition to the benefits
above, telephone nursing has presented many nurses with
new and exciting opportunities within healthcare services
and many of them enjoy their work and feel that they are
offering a worthwhile service [9].
Telephone nursing has been found to be a medically
secure and cost-effective form of care, with recommenda-
tions assessed as medically adequate in 97.6% of the cases
[7] and with compliance rates ranging from 81.3% [7] to
91% [10]. Between 30-50% of the calls result in self-care
advice [10, 7, 11]. Previous research has also found that
care-seekers are highly satisfied with this service. How-
ever, care-seekers that receive a recommendation to prac-
tice self-care are less satisfied than those referred to med-
ical care, indicating that their needs of care are not fully
met [11].
Modeling the effects of telephone nursing is an impor-
tant tool in evaluating telephone nursing’s effect on health-
care utilization, as well as enabling the evaluation of pos-
sible changes in telephone nursing services. A valid model
that describes the effect of the nurse’s recommendation in
relation to patients’ intended actions prior to consultation
allows us to understand and evaluate different effects in
detail. It also enables us to make predictions about reduc-
tions in healthcare costs. Earlier research [11] has found
that telephone nursing does not always meet care-seekers
needs of care. This underlines the importance of continu-
ously working to improve services so that they answer to
the needs of the care-seekers.
The aim of the study was to model the effects of tele-
phone nursing. First, we wanted to find the model that
best describes the effects of telephone nursing. From this
model we then wanted to make inference about patient and
the effects of telephone nursing with regards to healthcare
utilization and potential cost savings.
2. Materials and methods
In this study a model was developed and validated
based on data collected in a cross-sectional study that
aimed at exploring the influence of self-care advice on pa-
tient satisfaction [11]. The setting of the study was the
Swedish Healthcare Direct (SHD) in Northern Sweden.
Northern Sweden is a large but sparsely populated area
with long distances between inhabitants, hospitals and ser-
vice providers. Data were collected using a questionnaire
that was a further development from an existing evaluation
of patient satisfaction and healthcare utilization among
callers to the SHD, and details regarding the construction
and content of the questionnaire has earlier been published
in [11].
With minor changes to SHD procedures, similar data
could be retrieved directly from the SHD logs (in the com-
puterized decision support tool) in combination with pa-
tients’ medical records. This means that the same model
is applicable on a much larger scale, providing a national
evaluation tool of the effect of SHD on healthcare utiliza-
tion.
The items in the questionnaire that generated data
to the model development was ”What was your intended
action prior to telephone nursing consultation?”; ”What
action did you undertake after telephone nursing consul-
tation?” and ”What was the nurse’s recommendation?”.
Four increasing levels of care were proposed and coded
as follows: 0=self-care; 1=primary care clinic; 2=out-of-
hours clinic and 3=emergency department.
Eligibility criteria was all callers to the SHD in North-
ern Sweden during one week in the winter of 2014. A
sample size calculation in [11] indicated that the dispatch
of 500 questionnaires would generate sufficient data. The
questionnaire was dispatched to 500 randomly selected
callers to the SHD, and study participants were selected
using randomization lists from the SHD registers. All
questionnaires were dispatched within 8 days of the call
to the SHD, and were returned within 28 days of dispatch.
If the respondents had made more than one call to the
SHD during this week they were asked to reply regarding
their last call to minimize the risk of recollection bias. Five
questionnaires were returned unopened because of wrong
address, and two study participants had deceased after the
call. In total 225 persons returned a completed question-
naire, giving a response rate of 45.6%. The study sam-
ple consisted of 69.3% women and 30.7% men, reflecting
well the proportions of callers to the SHD. The mean age
in the sample was 48.15 years, ranging from 17–93 years.
The majority of respondents were born in Sweden (93.3%)
and cohabiting (79.9%), and the study sample displayed
a good representation of the general population in North-
ern Sweden (Table 1). The number of callers referred to
the different levels of care was 75 (33.3%) to self-care, 64
(28.4%) to primary care; 40 (17.8%) to out-of-hour clinic
and 53 (23.6%) to the emergency department. The com-
plete dataset used in this study, i.e. number of individuals
in each category and their corresponding explanatory vari-
ables, is retrievable from Fig. 2.
The outcomes in this study are patient behavior, ef-
fects on health care utilization and potential cost savings.
The predicted variable is patient’s action undertaken after
receiving telephone nursing and the explanatory variables
are intended actions prior to consultation and the nurse’s
recommendation.
Even though the number of explanatory variables are
limited, standard ordered-logit and ordered-probit regres-
sion models [13, 14] result in invalid descriptions of the
observations in our study and fail the model validation
step (described in Section 3.1.1). If a model is not able
to describe the observed data, then inference based on the
model is questionable. Instead, a more flexible Bayesian
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Table 1: Characteristics of the study sample compared with the
general population of Sweden.
Study sample Population
n = 255 (%) (%)
Occupation
Working 125 (56.1) (47.4)
Student 15 (6.7) (6.0)
Retired 62 (27.8) (22.1)
Other 21 (9.3) (11.0)
Highest completed education level
Compulsory school 42 (19.0) (12.0)
Upper secondary school 85 (38.5) (52.0)
Tertiary education 94 (42.5) (36.0)
Source: [12].
ordinal regression model is proposed to describe the effects
of telephone nursing on the level of care finally chosen by
the caller after the consultation.
The main reasons for applying Bayesian analysis are:
(i) to easily generalize standard models of ordinal data
[13, 14, 15] (ii) to avoid non-identifiability problems in or-
dinal regression (e.g. separation and collinearity) by incor-
porating weakly informative priors proposed by [16]; (iii)
to provide richer inference and avoid the common prob-
lems (e.g. dependencies on the sampling and testing in-
tentions) associated with p-values [17]; (iv) to make direct
probability statements about the effect given the observed
evidence [18] (e.g. the studied effect given the observed
data is inside the confidence interval with a measurable
probability).
The Bayesian ordinal regression model is a generaliza-
tion of the more commonly used ordered-logit and ordered-
probit regression models and adds the necessary flexibil-
ity to obtain a valid description of the observed data in
this study. The considered model follows [13] for ordi-
nal regression and include the following two necessary ex-
tensions to the standard logit and probit models: het-
erogeneous standard deviation, and additional robustness
against outliers to account for possible contamination de-
scribed next. These extensions are also suggested in [13]
for robust logistic- and ordinal regression.
Data were analyzed using the statistical packages for
scientific computing with Python [19, 20]. The inference is
based on Markov Chain Monte Carlo methods [14, 13, 21]
and calculated from 100,000 samples from the posterior
distribution (after burn-in) with converged chains. The
confidence intervals are here based on the highest posterior
density interval [13].
3. Results
The data and the results from the ordinal regression
can be seen in Fig. 1. The horizontal axis represents the
intended action prior to consultation (x1) and the verti-
cal axis represents the nurse’s recommendation (x2), both
categorized into the four levels of care marked by the dot-
ted grid. The levels are defined as 0=self-care; 1=pri-
mary care clinic; 2=out-of-hours clinic and 3=emergency
department. The scatter plot with color-coded numbers
(0–3) shows the level of care finally chosen by each caller
after receiving telephone nursing (y), for the same levels
of care as the explanatory variables (x1 and x2). For vi-
sualization purposes, the numbers are randomly scattered
around their corresponding categorical integer coordinates
marked by the dotted grid.
3.1. The model
The model can be summarized by the dependent vari-
able yi, which is the ith patient’s action undertaken after
receiving telephone nursing, and its two explanatory (or in-
put) variables: xi1 the ith patient’s intended action prior
to receiving telephone nursing; xi2 the nurse’s recommen-
dation given to the ith patient. The data (i.e. yi, xij for
i = 0, . . . , 224 patients and j = 1, 2 explanatory variables)
is categorized into the four increasing levels of care defined
earlier. We summarize the model in three parts below.
The first part is devoted to the regression model, while
the second and third parts deals with the proposed ex-
tensions to the standard ordered-logit and ordered-probit
models.
• Part I: The mean utilized care (on the underlying
metric scale) is given by a second order polynomial
µi = β0 + β1xi1 + β2xi2 + β3x
2
i2, (1)
and is the result after the model order selection pro-
cedure, described in Section 3.1.3.
The standard ordered-logit or ordered-probit alterna-
tive assumes that the independent errors follow either a lo-
gistic or a normal distribution, respectively, [13, 14]. How-
ever, neither distributions are flexible enough to describe
the observed data in this study. Two necessary extensions
to the description of the independent errors are proposed
here that when combined lead to a valid description of the
observations:
• Part II: A single distribution for the error term is
replaced with a mixture model of two distributions
with different scales to account for outliers, following
the recommendations in [13] for robust logistic- and
ordinal regression. Other alternatives to increase the
robustness to extreme values are available [see e.g.
14, 13] but we choose the mixture model for simplic-
ity and also for clarity as it gives a measure of the
departure from the standard ordered-probit model.
• Part III: We also need to abandon a single common
standard deviation. Instead, four different standard
deviation parameters, one for each category of in-
tended action prior to consultation, are introduced
to obtain a valid description. We motivate this par-
ticular choice in Sections 3.1.3 and 3.2.
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Figure 1: A scatter plot of the data and the threshold curves from the ordinal regression analysis. The color-coded numbers and
the numbers on the axis represent the four increasing levels of care: 0=self-care; 1=primary care clinic; 2=out-of-hours clinic
and 3=emergency department. The color-coded numbers in the scatter plot show each patient’s action undertaken after receiving
the nurse’s recommendation (yi). The horizontal axis represents the intended action prior to consultation (xi1) and the vertical
axis represents the nurse’s recommendation (xi2) both categorized into the four levels of care marked by the dotted grid. For
visualization purposes, the numbers are randomly scattered around their corresponding categorical integer coordinates. The thin
light-gray curves depict the uncertainties involved and are credible threshold curves generated using a subset of 1000 posterior
samples.
In addition to providing a valid description of the observa-
tions, these extensions also contribute to interesting infer-
ential results regarding: patient behaviour, effects of open-
ing hours, variations in predictability, effects of perceived
risks, proportion of extreme answers etc., that would oth-
erwise not be inferred.
We return to these tree parts in the subsequent sec-
tions below. A detailed model definition with the proposed
extensions to the standard ordinal models is available in
Appendix A.
3.1.1. Model validation
Model validation is a central part in justifying the model
and more importantly to justify inference based on it [see
e.g. 14, 15]. We try to detect flaws in the model’s pre-
dictive ability following the techniques recommended in
[22, 14]. In Fig. 2, histograms based on the model’s pre-
dictions are seen together with the actual data represented
by the black cross. The histogram bars represents the
model’s predicted level of healthcare after consultation and
the black box shows the 95% prediction interval. Based on
the predictions (see Appendix B), there is little evidence
that would indicate significant discrepancies between the
proposed model and the actual observations [14].
3.1.2. Error rate
The error rate, defined as the proportion of cases for
which the prediction of the final action is wrong [15], is
23.6% using the proposed model. This means that the
model correctly predicts 76.4% of the patients’ action un-
dertaken after consultation, given the intended action prior
to consultation and the nurse’s recommendation. This can
be compared to a prediction of 25% by chance and 43.1%
using a model without the explanatory variables.
A complete probability description of all care levels
was shown in Fig. 2 and revealed no significant discrep-
ancies between the model predictions and the actual ob-
servations.
3.1.3. Model selection
The model selection step is organized in the same three
parts as was introduced earlier in Section 3:
Part I: The first part is to find the appropriate combina-
tion of the explanatory variables to describe the expected
level of care µi in (1). All model structures up to the full
quadratic form (i.e. second order polynomial including
interactions) are evaluated and the model structure pro-
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Figure 2: Histograms based on 100,000 replicated datasets from the posterior predictive distribution, seen together with a summary
of the actual data (from Fig. 1) represented by the black crosses. The number below each histogram bar represents the observed
number of patients in each category and are the height of the black cross. The height of the histogram bar represents the mean
value and the black box shows the 95% interval of the replicated datasets from the proposed model. The 95% interval boxes contains
63 out of the 64 crosses and 98.4 (91.7, 99.6)% of the observations in this study.
posed in (1) returns the overall lowest Watanabe-Akaike
Information Criteria (WAIC) [23, 24]. The use of second
order terms is also motivated by examining the clustering
of the data in Fig. 1 with respect to the two explanatory
variables, indicating non-linear behavior for large values of
x1 and low values of x2.
Part II: The second part is to find the appropriate distri-
bution to use for the error term to cope with outliers. We
included outliers in the statistical model using a mixture
model with a contamination parameter α adjusting the
probability mass in the tails of the distribution, see Ap-
pendix A for more details. This is the first extension to the
standard ordered-logit or ordered-probit model explained
previously, and is needed to pass the validation steps de-
scribed in Section 3.1.1. Including the contamination pa-
rameter also decreases both the error rate (Section 3.1.2)
and the WAIC, indicating the need of robustness against
extreme answers.
Part III: The third part is to find the appropriate com-
bination of the explanatory variables to describe the un-
certainties in the level of care (σ in Appendix A). The
difference in uncertainty visible in the data in Fig. 1 at
different values of the explanatory variables supports the
use of a heterogeneous standard deviation model. The
best predictive performance and lowest WAIC was given
by using four separate standard deviation parameters, i.e.
with a separate parameter σs[i] for each class of intended
action prior to consultation s[i] = xi1. This choice reflects
the differences in uncertainties and patients’ risk reducing
behaviors found in Section 3.2.
3.2. Inference from the model
This section starts by summarizing the model, followed
by two additional subsections on healthcare utilization and
cost savings.
Part I: The regression parameters β in (1) describes the
effect of each explanatory variable on the utilized level of
care .
The estimated effects given the observed data are sum-
marized in Table 2. We see a linear positive effect (β1) of
intended action prior to consultation (x1) on the utilized
level of care. The effect of the nurse’s recommendation
(x2) is positive and quadratic and when the nurse recom-
mend a high level of care it is the dominating in (1) and
explain the top row of all trees at x2 = 3 in Fig. 1. From
Table 2 we conclude that:
– If the intended action prior to consultation increases
one care level, then the mean level of utilized health-
care increases 0.35 (on the underlying metric scale).
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– If the nurse’s recommendation increases:
◦ from self-care to primary-care, then the mean
level of utilized healthcare increases 0.52 (on
the underlying metric scale).
◦ from primary-care to out-of-hours clinic, then
the mean level of utilized healthcare increases
1.24 (on the underlying metric scale).
◦ from out-of-hours clinic to emergency depart-
ment, then the mean level of utilized healthcare
increases 1.96 (on the underlying metric scale).
The relative effects on health care utilization at different
combinations of x1 and x2 is given in Section 3.2.1. The
estimated value of β2 is credibly zero but included as it re-
duces the WAIC. Also, if β3 is significant we should include
lower order terms [13, 15].
The parameter values generate the threshold curves
shown in Fig. 1 and consequently also the outcome prob-
abilities for each level of care given the values of the cor-
responding explanatory variables. The outcome probabil-
ities are illustrated as histograms in Fig. 2.
Part II: Estimates of the contamination parameter α are
shown in Table 2. As zero is outside the interval we con-
clude presence of extreme values in the questionnaire re-
sponses that departs from a single normal distribution.
This is an additional evidence of the necessity to extend
the standard ordered-logit and ordered-probit models with
a mode flexible distribution of the error term.
Part III: The standard deviation parameters at different
levels of intended action, shown in Table 2, depends on the
caller’s intended care level prior to consultation.
The value of σ3 is high. It seems plausible that the final
action is more uncertain when the patient’s intended ac-
tion is the highest level of care (3=emergency department)
and the recommendation is otherwise.
The value of σ2 in Table 2 is low, indicating that open-
ing hours affect both the intended action and the recom-
mended action. As seen in the data in Fig. 1, if the in-
tended action is 2=out-of-hours clinic, it is likely that the
telephone call occurred during these hours. Consequently,
the intended, the recommended and the final action are
more restricted with most outcomes at x1 = x2 = 2. This
prevents the spread in outcomes over all levels of care, re-
sulting in a lower standard deviation.
3.2.1. Effects on healthcare utilization
The slope of the threshold curves in Fig. 1 reveal the
relative effect of the two explanatory variables and can be
interpreted as follows:
– If the curves are vertical, the nurse’s recommenda-
tion (x2) has no effect on the final action undertaken,
and the patient is guided by their intended action
(x1) prior to consultation only.
Table 2: The mean value and 95% confidence interval of the
model parameters given the observed data.
The effects of the explanatory variables
β0 β1 β2 β3
-0.39 0.35 0.16 0.36
(-0.76, -0.05) (0.17, 0.54) (-0.33, 0.67) (0.15, 0.58)
The uncertainties at different patient’s intentions
σ0 σ1 σ2 σ3
0.71 0.77 0.28 2.45
(0.43, 1.02) (0.46, 1.15) (0.18, 0.40) (1.16, 4.19)
The contamination parameter
α
0.16
(0.06, 0.28)
– If the curves are horizontal, the patient’s intended
action prior to consultation (x1) has no effect, and
the patient is guided solely by the nurse’s recommen-
dation (x2).
– If the curves lean with a derivative of negative one,
i.e. from the upper left corners to the lower right
corners in the grid, the effects of the intended action
and recommended action are the same.
Overall, the threshold curves in Fig. 1 lean with a slope
that is larger than negative one in Table 3 and we conclude
that the nurse’s recommendation is the dominating effect
in the majority of the cases. The exception is when the in-
tended action prior to calling is the emergency department
(x1 = 3), indicating that the recommendations has little
or no effect compared to the intended action. A plausible
explanation is that the perceived risk to follow a self-care
advice (x2 = 0) is higher, and the patient is then guided
by the intended action.
From the reciprocal slope we conclude that if the rec-
ommendation is the emergency department (x2 = 3) the
effect is on average 7.09 times higher than the effect of the
intended action prior to consultation. This can be com-
pared to a recommendation of self-care (x2 = 0) which
gives a factor of 0.58 and credibly zero according to the
95% interval. The relative effect increases with the nurse’s
recommended care-level and a plausible explanation is that
disregarding a higher-level recommendation implies a higher
risk compared to disregarding lower-level recommendation.
Expressions of the derivatives are available in Appendix
C.
3.2.2. Potential cost savings
The estimated cost savings in the analysis are based
only on the direct costs associated with the first action
undertaken by the patient after consultation and do not in-
clude additional savings as a result of improved planning of
healthcare resources, reduction of unscheduled visits and
guidance to the correct level of care. The results presented
here are based on flat-rates from the county council where
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Table 3: The mean value and 95% confidence interval of the
derivatives of the threshold curves in Fig. 1. Inference of the
slope is given in three rows and four columns and matches
the derivative of the three curves and four x1 values shown in
Fig. 1, respectively. Inference of the reciprocal slope is seen at
different care levels of the nurse’s recommendation (x2).
Slope dx2/dx1
k x1 = 0 x1 = 1 x1 = 2 x1 = 3
2
-0.17 -0.18 -0.20 -0.22
(-0.26, -0.09) (-0.28, -0.09) (-0.30, -0.09) (-0.34, -0.09)
1
-0.22 -0.25 -0.29 -∞
(-0.33, -0.12) (-0.38, -0.13) (-0.46, -0.13) (-∞, -0.18)
0
-0.30 -0.38 -∞ -∞
(-0.43, -0.18) (-0.57, -0.18) (-∞, -0.28) (-∞, -0.36)
Reciprocal slope dx1/dx2
x2 = 0 x2 = 1 x2 = 2 x2 = 3
-0.58 -2.75 -4.92 -7.09
(-2.32, 1.18) (-4.66, -1.43) (-7.89, -2.56) (-11.57, -3.48)
the telephone nursing consultation costs 96 SEK, a visit to
the primary care clinic is approximately 2000 SEK, a visit
to the out-of-hours clinic approximately 3000 SEK and a
visit to the emergency department is approximately 4500
SEK.
The predicted cost (in SEK per patient) that corre-
sponds to the utilized healthcare after consultation can be
seen in Fig. 3 (in red). For comparison, Fig. 3 also show
both the predicted cost if all patients would follow the
nurse’s recommendation (in blue) and the predicted cost
if the patients would do as they intended prior to consul-
tation (in black).
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Figure 3: A patient’s predicted cost estimate in SEK are shown
for: the intended action prior to consultation (black), the
nurse’s recommendation (blue) and the final action undertaken
after consultation (red). The corresponding mean values and
95% intervals are: 2039 (1731, 2365), 1779 (1462, 2081) and
1968 (1782, 2165), respectively. The actual costs associated
with the observed data are 2038, 1860 and 2092, respectively.
The ratio of the predicted cost associated with the fi-
nal action undertaken after consultation and the intended
action prior to consultation is 0.97 (0.87, 1.06) per pa-
tient. The expected cost savings associated with telephone
nursing is 3.3% compared to the intended action prior to
consultation. If the patients would follow the nurse’s rec-
ommendations in all cases the predicted cost ratio is 0.87
(0.71, 1.02) per patient, corresponding to an expected cost
saving of 12.7% of all patients.
4. Discussion
Good statistical models that describe the effect of tele-
phone nursing on healthcare utilization are essential in or-
der to study its impact on healthcare resources and eval-
uate effects of future changes in telephone nursing pro-
cedures. The aim of this study was to model the effects
of telephone nursing on patient behavior, healthcare uti-
lization and infer potential cost savings. In this study we
present a Bayesian ordinal regression model that captures
the complex relationship between the nurse’s recommen-
dation, the patients’ intended action prior to consultation
and the patients’ final action undertaken after receiving
telephone nursing. We found no evidence to suggest any
model deficiencies based on posterior predictive checks on
standard discrepancy measures.
The main finding from this study is a model that pre-
dicts 76.4% of the patients’ action undertaken after consul-
tation. This number is based only on the most probable
category predicted by the model, i.e. the model’s “best
guess”, but it in addition to this it was shown that the
model gives a valid probability description of all care lev-
els after consultation.
Inference reveal that the effect of the nurse’s recom-
mendation is lower when the patient’s intended action
prior to consultation is the highest level of care. If the
recommendation is the emergency department the effect
of the recommendation is on average a factor of 7.09 times
higher than the effect of the intended action prior to con-
sultation. This can be compared to a recommendation
of self-care which gives a factor of 0.58 and credibly zero
according to the 95% interval.
We found that the final action was more uncertain
when the patient’s intended action is the highest level of
care and the nurse’s recommendation is otherwise. It is
even plausible that the recommendation by the nurse has
no effect on the final outcome when the patient’s intended
action is a visit to the emergency department. The re-
sults reveal a risk reducing tendency among the callers.
Consistent with several theories of health behavior, a high
perceived risk of harm will according to [25] encourage
people to take action to reduce their risk. Perceptions
of risk has been found to depend on several parameters
such as age, sex and health status, and that some person-
ality types overestimate the probability of disease and/or
underestimate the effects of preventive actions such as self-
care [26]. This underlines the importance of administrat-
ing structured nursing with the specific aim of providing
care-seekers with reassurance, as feeling reassured might
reduce perceptions of risk. Reassurance has been found to
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be highly influential on patient satisfaction [11], and per-
sons satisfied with the nurse interaction has been found
to be nearly four times more likely to report engaging in
self-care activities [27].
According to [28] a clinically significant reduction in
workload could be achieved if all nurses reached a pro-
portion of patients managed by self-care of at least 65%,
assuming that referral to self-care was appropriate. A
result in our study was that cost savings based only on
the patient’s first action undertaken after consultation is
estimated to be 3.3% but could be up to almost four
times higher if compliance to the nurse’s recommenda-
tions was higher. It is plausible that compliance would
increase if callers were satisfied and reassured to a higher
extent. The cost analysis is far from comprehensive as
it neglects other significant cost reduction aspects with
telephone nursing, but shows the importance of further
investments to strengthen the development of the nurse-
client interaction.
In conclusion, the possibility to increase cost savings
is a strong incentive to conduct further research aiming
at improving persons trust in and tendency to follow the
nurse’s recommendations. It is likely that compliance would
increase if care-seekers feel reassured and confident that
following the recommendations will generate a successful
outcome. This implies that the interpersonal relationship
that the caller and nurse establish is highly important. To
improve telephone nursing compliance, care-seekers need
to feel confident that following the recommendations does
not involve increased risks. More work is needed in or-
der to further improve nurses ability to meet the needs of
care-seekers.
4.1. Study limitations
The data on healthcare utilization was in this study
collected through self-reporting. Social desirability bias
has been found to result in higher levels of self-reported
compliance to self-care advice compared to medical records
[29]. This could imply a possible limitation as no compar-
ison to medical records was performed. For reasons of
confidentiality the researchers were not granted access to
the medical records of the patients. To reduce social desir-
ability bias, the questionnaire item regarding what action
was taken was asked in a neutral manner, and this item
was placed before the one asking what advice they had
received from the nurse in the questionnaire.
No potential confounders were identified in our mate-
rial, but it is plausible that psychological factors e.g. con-
cern or anxiety has influenced intended actions prior to
consultation. If the need of reassurance has not been ad-
equately addressed through telephone nursing, this might
have influenced the action undertaken after consultation.
Psychological factors have not been analyzed due to the
lack of this data in our material.
The estimated cost savings are restricted to the direct
costs associated with the first action undertaken by the
patient after consultation and do not include additional
savings as a result of improved planning of healthcare re-
sources, reduction of unscheduled visits and guidance to
the correct level of care. For instance, even if a patient in-
tended to practice self-care but was recommended a visit
to the emergency department, a timely guidance to the
correct level-of-care may result in a reduction of the total
costs in the long run. To obtain a comprehensive analysis
of the savings associated with SHD, aspects such as these
must be included in the analysis.
The reported inference (e.g. the predictability, the spe-
cific effects of the explanatory variables, cost savings, etc.)
are limited to the specific study setting and the telephone
nursing procedure given by the SHD. Larger and more
rigorous studies are needed to obtain evidence of effective-
ness of telephone nursing nationally [30]. However, the
proposed Bayesian ordinal regression model, the model se-
lection and validation procedure, and the interpretation of
the model parameters, threshold curves, derivatives and
estimands are not limited to the study setting. The re-
ported procedures are applicable in evaluating, analyzing
and understanding the effects of on-call services on health-
care utilization and patient behaviors. The number of care
levels can easily be adjusted and in the simplest setting of
two levels the ordinal regression model is reduced to a lo-
gistic regression [13].
With minor changes to SHD procedures, similar data
could be retrieved directly from SHD logs in combination
with patients’ medical records. This means that the pro-
posed model is applicable on a much larger scale, providing
not only a national evaluation tool of the effect of SHD on
healthcare utilization but also more inferential evidence
in combination with additional explanatory variables that
may influence outcome probabilities.
4.2. Clinical implications
What these findings mean in a clinical setting is that
telephone nursing has a constricting effect on healthcare
utilization, and that guidance to the correct level of care
implies a potential to save costs. However, the compliance
to nurse’s recommendation is closely tied to perceptions of
risk, and this emphasizes the importance to address caller’s
needs of reassurance. A trustful relationship between the
caller and the nurse carries the potential to reassure and
strengthen confidence in the nurse’s recommendation. But
for this to happen the organization of telephone nursing
needs to allow the nurse to invest time and energy to es-
tablish a trustful relationship. It also implies that nurses
must acknowledge that the need for nursing care might
persist even when the need for medical care is absent or
resolved.
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Summary points
What was already known on the topic:
• There is an increase in utilization of healthcare re-
sources that cannot be described by population growth
or decreasing health.
• There are indications that demand and expectations
of welfare services increase with increasing gross do-
mestic product and household income.
• On-call telephone nursing services is the first line of
contact for many care-seekers and aims at optimizing
the healthcare system by providing medical assess-
ments, support and guidance to the correct level-of-
care over the phone.
What knowledge this study adds:
• A valid model that describes the effect of telephone
nursing in relation to patients’ intended actions prior
to consultation.
• The model is an important tool in evaluating tele-
phone nursing’s effect on healthcare utilization as
well as to evaluate the effects of future changes in
telephone nursing services. Inference allows us to es-
timate different effects in detail, understand patient
behavior and patient predictability, and to estimate
potential cost savings per patient.
• Telephone nursing has a constricting effect on health-
care utilization but the compliance to nurse’s recom-
mendation is likely to be influenced by the patients’
perceptions of risk. This emphasizes the importance
of meeting caller’s needs of reassurance.
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Appendix A. Model definition
Starting from the expression of the expected level of
care given in (1), a latent-data formulation [14] of the
model is given by the unobserved or latent outcome zi =
µi + εi with independent errors εi ∼ (1 − α)N(0, σs[i]) +
αN(0, 3σs[i]). The errors are distributed as a mixture of
two normal distributions with different scales to account
for the presence of outliers. The contamination param-
eter α is estimated from the observed data (along with
the other model parameters) to adjust the tail width in
presence of outliers [13]. The observed discrete outcome
yi =

0 if zi < θ0
1 if zi ∈ [θ0, θ1]
2 if zi ∈ [θ1, θ2]
3 if zi > θ2
(A.1)
is categorized into the four increasing levels of care de-
pending on the threshold values θk for k = 0, 1, 2.
Four different standard deviation parameters, one for
each category of intended action prior to consultation, are
included in the model. This is motivated by examining
the deviation in the data at different x1 levels and it also
increases the model’s predictive performance and decreases
the Watanabe-Akaike Information Criteria (WAIC) [23,
24] compared to a homogeneous standard deviation model
[13]. The index s[i] = xi1 in σs[i] returns an integer value
of the category (0–3) and distinguishes the four standard
deviation parameters with respect to the intended action
prior to consultation (x1). We return to this particular
choice in Sections 3.1.3 and 3.2.
The explanatory variables are mean centered and di-
vided by the their standard deviation for computational
stability [13]. To avoid problems with separation and collinear-
ity we incorporate the weakly informative Cauchy prior
distributions of the model parameters on the scaled ex-
planatory variables proposed in [31]. The prior distri-
bution for the thresholds are normally distributed θk ∼
N(k+ 1/2, 2), where the two extreme thresholds are fixed
to meaningful values on the level of care, θ0 = 0.5 and
θ2 = 2.5 [13].
For robust inference, the prior distribution for the con-
tamination parameter is beta distributed α ∼ Beta(1, 9),
recommended in [13] for robust logistic- and ordinal regres-
sion. This prior distribution has a mean value of 0.1 and
gives a very low but non-zero prior probability of α > 0.5.
The prior distribution for the standard deviation parame-
ters are uniform on a very large scale.
Appendix B. Model validation
The model generates 100,000 simulated datasets from
the posterior predictive distribution and in each dataset
there are 225 new individuals given the same explanatory
variables as in the observed dataset. The proposed model
seems to generate predicted data similar to the observed
data and the 95% confidence interval boxes in Fig. 2 con-
tains 63 out of the 64 crosses and 98.4 (91.7, 99.6)% of
the observations in this study. This percentage (and cor-
responding interval) is matches the predefined risk of 5%,
considering multiple comparisons (see e.g. [15]).
To further test the validity of the model we use the
number of patients in each care-level as a discrepancy mea-
sure [32]. Based on the replicated datasets, the posterior
predictive double-tailed p-vales [32] for the number of pa-
tients in each of the four care-levels (0=self-care, 1=pri-
mary care clinic, 2=out-of-hours clinic and 3=emergency
department) are 0.412, 0.923, 0.697 and 0.185, respec-
tively. Considering the mean value and standard deviation
of the overall outcomes as discrepancy measures, return p-
values of 0.195 and 0.338, respectively.
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Appendix C. Derivatives of threshold curves
The curves in Fig. 1 are the thresholds obtained from
the regression model [see e.g. 13]
θk = β0 + β1x1 + β2x2 + β3x
2
2, (C.1)
for k = 0, 1, 2 thresholds.
The relative effect of each explanatory variable can be
investigated more precisely by examining the derivative of
(C.1) with respect to each explanatory variable
dx1
dx2
=
−β2 − 2β3x2
β1
, (C.2)
dx2
dx1
=
±β1√
β22 − 4β3(β0 + β1x1 − θk)
, (C.3)
and each threshold k = 0, 1, 2. The resulting derivatives
are the reciprocal slope in (C.2) and the slope in (C.3) of
the threshold curves in (C.1) and shown in Fig. 1. The
point and interval estimates presented in Table 3 are eas-
ily obtained from posterior samples of the corresponding
regression and threshold parameters in (C.2–C.2). Note
that slope (C.2) is independent on θk and is the same for
all curves at the specific x2 value, this is also visible in
Fig. 1. The reciprocal slope, however, depends on θk and
is different for each curve and x1 value.
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